terns of identity-by-descent sharing, and identify a haplotype tagging the chromosomal segment driving the linkage signal. Haplotype carriers are more likely to share the linked trait variant, and can be prioritized for subsequent DNA sequencing.
Introduction
Linkage analysis uses pedigree data to find markers that appear to be co-inherited with a trait-related variant, suggesting close proximity on a chromosome [1] [2] [3] . Linkage analysis has been used to successfully identify multiple rare variants in thousands of genes related to Mendelian diseases [4, 5] . Recent genome-wide scans of sequencing data have used a similar strategy to find genetic variants causing rare Mendelian disease; they looked for rare variants shared identical-by-descent (IBD) among affected relatives [6] . Linkage analyses can also be tailored to find genes influencing complex traits, such as loci altering the penetrance of primary disease variants (e.g. [7] ), phenotypic modifiers (e.g. [8] ), or quantitative trait loci (e.g. [9] ). The ultimate goal of linkage analysis is to identify genes influencing the phenotype under study. Co-segregation of the candidate locus and the trait acts as important evidence in this search, but can be difficult to detect when studying complex traits. Many common disorders are complex traits, influenced by environmental factors as well as one or more variants in multiple genes. This genetic and allelic heterogeneity has been documented in several, very different phenotypes, including Alzheimer's disease (AD) [10] [11] [12] [13] , breast and ovarian cancer [14] , and familial hypercholesterolemia [15, 16] . In each case, a simple Mendelian model of inheritance, where one variant co-segregates perfectly with disease status, does not fit the data. Instead, several genetic and environmental variables influence the genotype/phenotype probabilities [3] . It is quite possible for multiple genetic variants influencing the trait to segregate within a family, perhaps none of which is sufficient alone to cause disease. This makes the relationship between variant and phenotype difficult to determine, especially for common traits. However, large pedigrees improve the power of linkage analyses [17] and have enough copies of a rare variant to determine that it is influential [18, 19] . This improved power has been shown in successful genome scans for modifier loci with relatively small sample sizes [7, 20, 21] . A single large pedigree is also expected to segregate fewer trait-related variants than a larger collection of smaller pedigrees [3] , simplifying the relationship between genotype and phenotype.
Pedigrees with genotype data, combined with Mendel's laws of segregation, allow the probabilistic reconstruction of the inheritance of a chromosomal segment through a pedigree. Inheritance vectors (IVs) trace the path connecting alleles to their maternal or paternal origin at each generation of the pedigree. IVs can be used to define chromosomal segments or haplotypes, with boundaries defined by recombination events [22] [23] [24] . Here, we will review a new method to estimate IBD segments within a pedigree, and demonstrate how to find the IBD segment driving a linkage signal. Specifically, we will describe (1) the new program gl_auto in MORGAN v3.0 [25] which collects and saves samples of IVs consistent with the observed pedigree and genotype data [22] , and (2) how to summarize gl_auto output using IBDgraph, which collapses the sample into equivalence classes of realizations with identical patterns of IBD sharing. We will then use an example to show how patterns of IBD sharing within a pedigree can be used to identify the chromosomal segment driving a linkage signal and which relatives carry the segment IBD. Additional experiments are required to determine whether these subjects share a true trait locus within that region [23] . Finally, we will discuss other possible uses for IVs. Figure 1 illustrates three ways to represent marker inheritance through a pedigree. Figure 1 a is the pedigree of a nuclear family. Within the circle (female) or square (male) representing an individual are the phased genotypes at three neighboring and perfectly informative marker loci. If we care only about IBD sharing and not marker alleles, we could replace allele labels with founder genome labels (FGLs). For example, the A alleles could each be replaced with FGL = 1; the C alleles could be replaced with FGL = 2, and so on. FGLs are unique labels for each founder chromosome in the pedigree; relatives who share an FGL share that marker allele IBD [22] . Figure 1 b illustrates both IBD graphs and IVs for each marker. In an IBD graph, or descent graph [24] , each node represents a unique founder chromosome, and lines connect founder chromosomes inherited together [22] . IBD graphs illustrate only the pattern of IBD sharing among non-founders; it does not matter what specific FGL is associated with each node. For example, individuals II-2 and II-3 share a different allele IBD with II-1 at marker 1, while individual II-3 shares both alleles IBD with II-1 at marker 2. Beneath each IBD graph is the corresponding IV, represented as an array [22, 24, 26] . Each IV is pedigree and marker specific, with an element for each meiosis. We use a value of 0 (1) to indicate a locus inherited from the parent's maternally (paternally) derived chromosome [27] . The meioses are ordered from left to right in the offspring generation: e.g. element 1 of marker 1's IV indicates that individual II-1 inherited her mother's maternally derived allele, element 2 indicates that individual II-1 inherited her father's maternally derived allele, element 3 indicates individual II-2 inherited his mother's maternally derived allele, etc. We infer a recombination event when alleles at neighboring loci are inherited in a combination that differs from that observed in the parent, indicated by an IV switching states from maternal to paternal, or vice versa. Comparing IVs across markers, we infer a recombination event between markers 1 and 2 for meiosis 5, and recombination events between markers 2 and 3 for meiosis 2.
Representing Marker Inheritance
Inference of these inheritance patterns is straightforward when perfectly informative marker data are available. Unfortunately, this is rarely the case with real data. The theory [1] and algorithms [26, 28] for using these inheritance patterns in the context of likelihood analysis are well established. When using data from multiple markers in a multipoint linkage analysis, we gain greater statistical power for detecting linkage and fewer false positive signals [17] . Similarly, a gain in power, precision, and consistency across analyses with fewer false positives is achieved when we analyze large pedigrees [17, 18] . Algorithms exist that are well suited for analyzing large pedigrees [28] or many markers [26] with exact computation, but not both [29] . Analysis of large pedigrees with many markers is computationally intense, often prohibitively so.
Advances in computation and analytical techniques now permit the use of more complicated disease models and the analysis of larger pedigrees. Markov chain Monte Carlo (MCMC) techniques are used to estimate linkage statistics when the size of the pedigree and number of markers are too large for exact computation to be practical. Instead of cataloging every possible pattern of genotype and/or phenotype data consistent with the observed data, MCMC methods sample from the distribution of possibilities conditional on the observed data. Sophisticated linkage analysis packages, such as SimWalk [30, 31] , MORGAN [32] [33] [34] [35] [36] , and Loki [35, 37, 38] use MCMC methods to combine population allele frequencies and marker positions with pedigree structure and trait data to create and collect thousands of samples of complete marker and trait-locus data [24, 37, 39, 40] . The expected value of the linkage statistic is computed using the average across these thousands of data sets. A recently released program called gl_auto [25] is the only MCMC program to report the entire sample of IVs [29] . gl_auto gl_auto is available in the version 3.0 release of the well-established MORGAN package [22, 32, 41] . The program produces samples of IVs consistent with the observed pedigree and genotype data alone; no phenotype data is used. gl_auto produces joint samples across loci by exact sampling when analyzing small pedigrees, and uses MCMC methods for large pedigrees. The efficiency and accuracy of the MCMC methods used to create these samples have been demonstrated with both sparse microsatellite and dense single nucleotide polymorphism data [22, 32, 41] . Computational demands are minimized by sampling IVs instead of genotypes, making the approach feasible across a range of pedigree sizes, marker types, and missing data patterns [41] . This keeps computation times low: e.g. 100,000 iterations for a 24-member pedigree with 22 markers took 5.78 cpu minutes using the Intel L5420 Xeon 2.50 GHz processor used for all analyses described below.
As with any linkage analysis, the user must combine a set of assumptions concerning the pedigree and marker data. Pedigree structure, a meiotic marker map, population-specific allele frequencies, and genotypes (where observed) are required. Additionally, the user must specify how many IV samples to generate and save, the maximum number of meioses to consider for exact computation instead of MCMC sampling, and sampler details. Pedigree and marker data are assumed to be without error: pedigree structure is accurately defined, no genotype errors are present, and the marker map and allele frequencies are correct. Standard tools exist for validat-ing pedigree structure and genotyping errors, and should be used as an initial quality control check [22, 32] . Meioses are assumed to be independent from each other; the chromosomes inherited by one sibling do not influence which chromosomes another inherits. We assume the absence of genetic interference and the independence of alleles at neighboring markers at the population level. Hence, the markers used for gl_auto must be thinned based on estimates of linkage disequilibrium or map position. Judicious marker thinning also reduces computation time without loss of linkage information [42] and improves mixing of the MCMC sampler. These data and assumptions work together such that any genotypic dependence observed in the data set is due to IBD within the pedigree.
gl_auto uses two block Gibbs samplers to sample IVs conditional on the observed pedigree and marker data [25] . The locus-sampler is a modified version of the Elston-Stewart [28] algorithm, where the IVs at a single locus are sampled based on genotype data and the current IVs at all other loci. The meiosis-sampler is based on the Lander-Green [26] algorithm, where IVs at all loci for a single meiosis are updated based on the current IVs at all other meioses. The meiosis-sampler can either update a single meiosis at a time, or sets of multiple meioses using the Baum algorithm [32, 43] . Once all IVs have been sampled [22, 32] , the result is called a realization . Sampling multiple meioses considerably improves MCMC mixing, and consequently the estimation of IVs. This is especially true for pedigrees with large sibships [32] . The ratio of locus-to meiosis-sampling events across iterations can be varied. This approach has comparable accuracy and computational requirements relative to other MCMC-based linkage analysis packages when markers are sparsely spaced, but considerable improvements in both speed and accuracy when dense markers are used [32, 41] . Greater mathematical detail on these samplers is available elsewhere [22, 39] .
gl_auto reports IVs at all markers for all subjects for each of the many saved realizations. Each realization provides both maternal and paternal records for each subject in the pedigree. Each record contains the following: the name of the individual, the FGL or meiosis indicator at the unlinked null trait locus, the FGL or meiosis indicator at the first marker locus, the N number of recombination events or changes along the chromosome, then a list of N pairs of integers. These pairs of integers consist of the marker locus index where the change occurs, then the new FGL or meiosis indicator associated with the following chromosomal segment [25] . The output file is kept relatively compact by only recording where changes occur along a chromosome: e.g. 2,000 realizations of IVs for a pedigree of 24 individuals was 2.4 MB.
IBDgraph
IBDgraph reads the IV sample generated by gl_auto to identify equivalencies within and between realizations, using computational and mathematical techniques previously described [22, 44] . Two non-identical realizations are equivalent if the patterns of IBD sharing differ only with respect to the FGLs shared. Equivalence is determined by efficient strong hash coding; if two IBD graphs share the same hash code, they are equivalent. For a given marker, the observed genotypes and pedigree structure dramatically limit the number of possible IBD graphs. Similarly, across a chromosome, changes to IBD graphs are caused by rare recombination events. This means large segments of a chromosome are equivalent in a given realization. Across realizations, IBDgraph can find equivalence classes across all markers, a single marker, or a range of markers. Equivalence classes are listed, recording the number of realizations within the class, followed by a list of the realizations within each equivalence class. Within a single realization, IBDgraph will identify and list the marker intervals without recombination events. The user is therefore able to quickly evaluate the patterns of IBD sharing at a given marker/range; e.g. it took only 16 cpu seconds to identify equivalence classes across 2,000 realizations across 31 markers in a 24-member pedigree. Any calculations that use IBD sharing patterns within a pedigree may be done on one representative of each equivalence class, rather than on every sampled marker/region/realization. The final calculation is then based on the weighted sum across equivalence classes, with weights proportional to the size of the class. This can dramatically reduce computation times; e.g. for the marker with the greatest evidence of linkage in the example described below, LOD score calculations based on equivalence classes were ϳ 10 times faster than a singlemarker computation using the original data.
Example: Inheritance Vectors Simplify the Interpretation of Complex Trait Linkage Results
In this section, we illustrate how gl_auto and IBDgraph may be used to identify an IBD segment driving a linkage signal for a complex trait locus, as well as which relatives are carriers. We use familial late-onset AD as an example phenotype because it has evidence of phenotypic, genetic, and allelic heterogeneity. Family history is a key risk factor for AD [45, 46] . Any one of hundreds of different rare variants in three genes [47] can cause rare early-onset AD (age ! 65 years), and their large functional effects have illuminated biochemical pathways underlying AD [48] . Identification of relevant genes for lateonset AD has been more difficult: only the apolipoprotein E gene ( APOE ) has been unequivocally established as a locus with relatively strong effect in both late-onset [49] and early-onset AD [50, 51] .
For this example, we first detected a linkage signal by performing parametric multipoint linkage analysis on a single moderately large pedigree, shown in figure 2 . Genome-scan markers (ABI Prism Linkage Mapping set, Version 2.5, MD10, http://www.appliedbiosystems.com) were genotyped on subjects shown in bold in figure 2 . Missing genotype data among founders and imperfectly informative marker data reduce our power to detect linkage [3] . Analysis of multiple markers helps constrain the possible values for these missing genotypes [32] . We therefore applied a multipoint approach using IVs estimated only from all markers for all members of the pedigree, avoiding errors caused by trait model misspecification that are unique to multipoint analysis [52, 53] . For each class at each marker, we treated each FGL as a unique and equifrequent allele. This flexible multipoint strategy does not dictate the use of a particular linkage statistic [2, 24] . We chose parametric linkage analysis for this example because the approach is powerful when an appropriate trait model is used [2] , although it will not suit all traits or data sets. We applied a previously published model of AD risk [54] using a modified version of LIPED [55] . We modeled a rare dominant AD risk variant with an age-dependent penetrance function, which helps to accommodate the censored phenotype data typical in this late-onset disease. We also included the number of APOE risk alleles as a covariate influencing sporadic risk of AD, to allow for the influence of a known and important genetic risk factor. Although we do not expect any model to perfectly capture AD risk, the modeled mode of inheritance is plausible for this example; this level of model misspecification does not prevent a valid test [3, 56, 57] .
Our strongest linkage signal occurred on chromosome 9, centered on marker D9S175. IBDgraph collapsed the 2,000 sampled IVs at D9S175 into just three equivalence classes. The two largest equivalence classes representing 97.7% of realizations had a maximum LOD = 2.36 at recombination fraction = 0.001, while the third class had a maximum LOD = 1.62 at = 0.001. This signal on 9q21.13 is consistent with the suggestive findings of a large and independent AD study ( [58] and references therein), motivating further interrogation of the region. Figures 3 and 4 illustrate patterns of IBD sharing among all affected relatives for whom DNA samples are available. We focus on IBD sharing among these subjects because the majority of a linkage signal is driven by affected subjects, and these subjects are available for future sequencing or genotyping studies. These figures were the product of plotIBD [59] , a Perl script that takes gl_auto and IBDgraph output to produce commands for the open source graphing utility gnuplot [60] . These commands produce images comparable to what the CompareLinkage software generates from data formats meeting the requirements for the Merlin analysis package [61] , which is limited to the analysis of small pedigrees. plotIBD offers both ease and flexibility: the user can pipe the commands directly into gnuplot, or exert greater Pedigree with familial late-onset Alzheimer's disease. Circles are female, squares are male, filled symbols indicate affected individuals. Genotyped subjects are in bold. Beneath each subject is their age of onset (affected) or the last age at which the subject was known to be unaffected.
control by adjusting the graphing parameters (font size, page orientation, etc.). Figure 3 illustrates patterns of IBD sharing across chromosome 9, as represented in a single gl_auto realization. Each chromosome is broken into color-coded IBD segments. Subjects sharing the same color at a marker position have inherited that locus IBD from a common ancestor, according to a realization drawn from IBDgraph equivalence class 1. The break points between IBD segments occur between markers; if a change is illustrated at marker 15, the causal recombination event is inferred to have occurred between markers 14 and 15. Although sib pairs share an average of 50% of their genome IBD, figure 3 shows the variability in estimated IBD across chromosome 9 in a single MCMC realization. For example, notice that III-4 and III-9 share both alleles IBD from marker 21 through the end of the chromosome, but no alleles IBD between markers 15 and 18. Figure 4 illustrates patterns of IBD sharing across realizations at a single locus, D9S175 ( fig. 3 marker 11) . The classes are labeled along the y-axis in descending order of weight, so that class 1 is the equivalence class representing the most realizations. Figure 4 shows that siblings III-3, III-4, III-5, and III-7 share their maternal allele IBD across all equivalence classes, while III-6 and III-9 do not. If we assume an AD locus truly exists beneath the linkage signal on chromosome 9, these results provide evidence of genetic and/or allelic heterogeneity of AD within this family: multiple affected subjects must carry the linked allele IBD in order to generate such a linkage signal, but the signal would be stronger if all affected subjects carried the same AD allele IBD (LOD = ϳ 3-5 at = 0) [62] .
We can use gl_auto results to identify probable carriers of the IBD segment co-segregating with the linkage signal on chromosome 9. Because we care only about this trait locus, we focus on IBD within the relatively small linkage region, rather than the whole chromosome or genome. This IBD segment is tagged by a multimarker haplotype, but its marker alleles and boundaries are not obvious from the linkage signal alone. Within a linkage region, we propose selecting the IBD segment that is most common among affected relatives, then testing whether this segment can explain the observed linkage signal. In this case, we used the evidence for linkage to identify a haplotype that appeared to be overshared among affected subjects. Individually, markers 8-13 ( fig. 3 ) each had maximum LOD scores at the smallest possible recombination fraction considered ( = 0.001), so we chose the 
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Color version available online central four markers to build our haplotype. This haplotype corresponds to the IBD segment shared by III-1, III-3, III-4, III-5, III-7, and IV-1 in figure 4 . Parametric linkage analysis using the same trait model as before and a diallelic indicator of presence/absence of this haplotype recreated the linkage signal (LOD = 2.07 at = 0.001), suggesting that the haplotype tags the chromosomal segment generating our linkage signal. One could explore the boundaries of the shared IBD segment by comparing equivalence classes at the markers flanking the linkage signal, perhaps even assign probabilities to those boundaries. This would be most helpful when analyzing dense marker data, as they would offer greater resolution. The next step towards gene identification involves characterizing sequence variation within the linked region. If we assumed a single-gene model for AD risk, subjects III-1 and IV-3 would be a naïve choice of subjects for targeted sequencing analysis because they have the most distant possible relationship among affected subjects in this pedigree. More distant relatives share fewer and smaller IBD regions, which helps restrict the number of shared variants within the linkage region. Any rare variants with predicted functional effects that were shared by III-1 and IV-3 would then be candidate AD loci. However, as shown in figure 3 , these two subjects share nothing IBD within the linkage region near D9S175. Sequencing of this region confirms the prediction within figure 3 : no rare variants with predicted functional effects were shared by III-1 and IV-3. By performing linkage analysis and identifying regions of interest beforehand, we can identify a pair of affected subjects that shared the linked haplotype IBD with high probability, thereby increasing the odds of discovering an AD locus.
Conclusions
Modern computing algorithms and the estimation of IV equivalence classes allow us to examine IBD sharing patterns in large pedigrees and dense data sets with greater speed and precision than was previously possible. The MORGAN v3.0 program gl_auto provides samples of IVs with many uses. As shown in our AD example, we can estimate and explore IBD sharing patterns within a large pedigree with incomplete marker data. Within a linkage region, this can identify subjects for subsequent sequencing analyses. Identification of genetic variants shared by carriers of the linked IBD segment may then lead to an underlying trait locus, as illustrated in a recent study of a cardiovascular quantitative trait [9] . It is also possible to use gl_auto and IBDgraph to: (1) force software developed for single-marker analyses to perform multipoint analysis; (2) perform different linkage analyses on identical data using other statistics, trait models [63] , or phenotypes; (3) estimate empirical p values (e.g. for variancecomponents analyses [64] ); and (4) probabilistically phase and infer genotypes within a pedigree [65] . We may also share gl_auto realizations with a collaborator without sharing raw genotype data, which can help keep samples anonymous and unidentifiable. The companion programs IBDgraph and plotIBD ease the identification of patterns within this data, making the interpretation of complex trait linkage analyses a more manageable and feasible endeavor.
